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Sample T he intent-to-treat (ITT) principle has long been mandated by the Food and Drug Administration (FDA) as the primary design and analysis strategy for industry clinical trials. The ITT principle also has been adopted widely in government-funded randomized clinical trials. [1] [2] [3] [4] Intent-to-treat analysis aims to estimate the effect of treatment as offered or as assigned. This analysis entails comparisons of randomized groups and includes outcome data for all randomized participants regardless of their status regarding non-adherence to assigned treatment protocols and missed assessment encounters. Petkova and Teresi 5 attributed the term "intentto-treat" to Hill 6 with a common refrain "once randomized, always analyzed." FDA regulations emphasize this point in more formal language: "The intention-to-treat principle implies that the primary analysis should include all randomized subjects. Compliance with this principle would necessitate complete follow-up of all randomized subjects for study outcomes." 4 Although the ITT principle has been the dominant design and analysis paradigm for clinical trials in a variety of contexts, other approaches, which we refer to as "non-ITT analyses," aim to estimate the effect of treatment as delivered or as received (as opposed to "as assigned" under the ITT approach) to account for treatment non-adherence. These non-ITT analyses are commonly presented as secondary analyses in terms of as-treated or per-protocol treatment effects along with ITT results. [7] [8] [9] Indeed, the FDA allows for such supplementary results: "Under many circumstances, it (use of the full analysis set) may also provide estimates of treatment effects that are more likely to mirror those observed in subsequent practice." 4 Such sentiments have been voiced not only about data analysis, but also the need to collect adherence data as outcomes in addition to clinical outcomes. 7, [10] [11] [12] It is important to recognize that the ITT and non-ITT strategies differ not only in terms of the estimation procedure, but also in terms of the underlying research goal. Given the distinction between the effect of treatment "as assigned" corresponding to the ITT approach and the effect of treatment "as received" addressed by the non-ITT strategies, the investigator needs to choose carefully which treatment effect is the primary research goal for a specifi c study. The as-received treatment effect of the non-ITT approaches attempts to measure the effect of the experimental treatment relative to the control condition when all patients adhere to the assigned treatment condition. Such an effect is usually the primary research goal for the development of new treatments. In contrast, the as-assigned treatment effect of the ITT analysis is usually more pertinent for the evaluation of the effectiveness of the treatment in terms of the public health benefi ts of administering the treatment in the community in light of inevitable treatment non-adherence. A treatment with a high as-received treatment effect might not yield a high as-assigned treatment effect if the adherence rate is low when the treatment is offered. Such a distinction has implications for the relationships among data-based estimates of these effects for specifi c studies, which are addressed below in the sections on the ITT and non-ITT strategies. Related distinctions of ITT and non-ITT treatment effects are made in terms of treatment effi cacy compared with effectiveness. 13 In the ensuing discussion, we refer to the treatment effects of non-ITT analyses as "as-received treatment effects" and the effects of ITT analyses as "as-assigned treatment effects."
In addition to the above distinction between the goals of the different analytic techniques, other distinctions need to be considered in terms of the two types of deviations from the ideal study procedures: 1) missed assessment encounters due to either intermittent missed encounters or drop-out from the study; and 2) non-adherence to the randomly assigned treatment protocol. The ITT principle necessitates that all planned data collection occur for each patient regardless of her treatment adherence status. 1 There are several advantages to collecting outcome data even when a patient has stopped taking the treatment. First, it facilitates the use of ITT analyses to estimate the as-assigned treatment effect. Second, it facilitates the use of causal inference methodologies to assess as-received treatment effects in the presence of treatment non-adherence. These methodologies address confounding factors, both measured and unmeasured, which might affect both adherence status and outcome. Addressing unmeasured confounding factors is especially challenging, and usually requires strong assumptions. We discuss in this article how these alternate assumptions can be assessed with the help of randomization and good predictors of adherence and testable modeling assumptions. 14 In a clinical trial context, treatment non-adherence may take several forms, depending on the type and timing of non-adherence and the treatment arm.
Whatever form it takes, treatment nonadherence should be clearly defi ned by study investigators before the start of the study. For patients assigned to the experimental arm, different types of treatment non-adherence include declining to take the assigned treatment; taking an alternative treatment such as the comparison treatment or a non-study treatment rather than the assigned treatment; deviating from study protocol by taking the assigned treatment but not according to the study protocol (eg, less than the number of prescribed pills); and fi nally dropping out of the study completely thus ending treatment and the collection of trial outcomes. For patients assigned to the control arm, the nature of non-adherence also depends on the nature of the control condition, namely, whether an active comparison treatment, a placebo "treatment," or no action is specifi ed for these patients. If the control condition specifi es a comparison treatment or a placebo, non-adherence might entail not taking the assigned treatment, taking an alternative treatment, or taking the assigned treatment but not according to the study protocol. If the control condition specifi es no treatment, non-adherence might entail taking the experimental treatment or taking an alternative treatment. The form of non-adherence might need to be taken into consideration in as-treated (AT) analyses. For example, control patients who received the experimental treatment contrary to the assignment might need to be analyzed in the experimental arm.
In terms of timing, treatment non-adherence as defi ned by the study investigators may occur intermittently or continue until the end of study follow-up. In any case, it is important that the schedule for outcome data collection continues regardless of the type or timing of the treatment non-adherence. Finally, in one of the examples studied in this article, treatment adherence was not defi ned with respect to the experimental treatment but instead with respect to physicians following guidelines for treating depressed patients. Here adherence was measured in both the treatment and control groups.
Treatment non-adherence in its different forms may be signifi cantly more common for randomized trials in psychiatry compared to other areas of medicine that are more acutely associated with mortality. Ten Have et al 12 reviewed a number of trials involving treatments of depression for which treatment adherence rates are found to be as low as 30%. Schulberg et al 15 reported on low treatment adherence for an efficacy study of guideline-level treatment of depression in primary care. Despite intensive efforts to maintain high levels of patient-level adherence to the study treatments (nortriptyline or interpersonal psychotherapy) only approximately 30% of the intervention patients completed a full course of therapy. This is consistent with high rates of discontinuation of treatment with antidepressants in routine care 16 or open-label studies.
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It is important to recognize that the ITT and non-ITT strategies differ not only in terms of the estimation procedure but also in terms of the underlying research goal.
A variety of factors have been identifi ed as infl uencing adherence in behavioral trials, including psychiatric-related personal diffi culties interfering with adherence and the widespread off-label use of psychiatric medication. Corrigan and Salzer 18 indicated that these factors impact treatment preferences, which in turn infl uence adherence to treatments in psychiatric trials even among patients who consent to participating in them. Fogg and Gross 19 contrasted similar problems with non-adherence rates in prevention studies, where interventions seem to be less imperative due to the absence of disease, to surgery trials, for which interventions are strictly controlled and in which participants may be highly motivated to adhere in light of severe conditions related to mortality. We show in this article how standard approaches to accommodating non-adherence perform differently for behavioral outcomes and interventions than for non-behavioral medical interventions and outcomes. Therefore, it is imperative that clinical trial investigators in behavioral contexts elevate the attention paid to adherence to assess its impact on outcome in clinical trials. 7, 10 In the subsequent sections, we discuss several different types of analytic approaches to estimating treatment effects on outcome under the randomized clinical trial framework. The fi rst to be addressed is the analytic approach under the ITT principle. Next, we discuss various non-ITT analyses, including the as-treated, per-protocol, and instrumental variable analyses. Finally, we present four examples in the mental health literature that highlight the differences among these approaches. The formulas for calculating the different treatment effects under these approaches are presented in Table 1 . These formulas are presented for two types of designs: 1) the control group does not have access to the experimental treatment and so cannot be measured for adherence, which is the case for three of the four example studies presented below; and 2) adherence is measured in the control group. An example of this second case occurs when adherence is defi ned with respect to patients' physicians following treatment guidelines as in the fourth example below, where the intervention focused on increasing such adherence.
INTENT-TO-TREAT ANALYSES
The ITT analysis aims to test and estimate the as-assigned treatment effect in the study sample. The validity of this analysis for the study sample follows from the protection against unmeasured confounding by the randomization of treatment assignment without the need to adjust for non-adherence. The resulting inference for the study sample can inform policy about the effectiveness of implementing the intervention at the population level if treatment non-adherence pattern is similar between the study sample and the target population. However, such generalizability might not hold for a target population with a different non-adherence pattern from the study sample. For example, ITT-based inference based on a sample of physically healthy patients highly adherent to their psychiatric care may not be refl ective of a population receiving multiple treatments for medical comorbidities who may be less likely to adhere to psychiatric treatments.
In distinguishing between patterns of adherence at the study and population levels, a number of authors emphasize that treatment adherence in a random- 
Formulas for Calculating without Baseline Covariates the ITT, AT, PP, and IV Treatment Effect Estimates under Two Different Clinical Trial Designs
Estimated Treatment Effect
Design
Intention to Treat As Treated Per Protocol Instrumental Variable
Adherence not measured in controls For instance, patient or clinician nonadherence may occur by design due to extended enrollment periods and shortened study follow-up periods. Moreover, intensive efforts to maintain high levels of adherence to randomized treatments in some randomized trials make it diffi cult to extrapolate ITT estimates of asassigned treatment effects to the community of practitioners without similar resources to sustain adherence among their patients. 15 In these cases, the ITT estimates may not refl ect accurately the results of implementing the corresponding interventions in practice.
Furthermore, the ITT approach does not necessarily provide a valid test and estimate of the as-received treatment effect, 5, 7, 11 especially when treatment nonadherence rate is high. Therefore, in the presence of treatment non-adherence, the common assertion that the ITT approach underestimates the true treatment effect only applies if the goal is evaluating the as-received treatment effect but not necessarily when the focus is on the as-assigned treatment effect. In contrast, the non-ITT methods discussed next in the context of estimating the as-received treatment effect may be biased for both the as-received and as-assigned treatment effects.
NON-ITT ANALYSES
A number of non-ITT approaches that aim to estimate the as-received treatment effect through adjustments for non-adherence have been used in the medical literature in general and mental health research literature in particular. These methods are vulnerable to selection bias due to confounders, both measured and unmeasured, which might affect both the adherence status and outcome. Such selection bias may be classifi ed into two categories: overt bias and hidden bias. 21 Overt bias is attributable to observed confounders, and therefore can be explicitly adjusted for with statistical methods such as covariate adjustment or propensity scores analysis (see Marcus article, page 805). Such adjustments are made with the non-ITT approaches. In contrast, hidden bias arises from unobserved confounders, and therefore cannot be explained entirely by covariate or propensity score adjustments of the non-ITT approaches. Nonetheless, we consider below the instrumental variable approach as one non-ITT method that attempts to account for hidden bias under several assumptions.
A common non-ITT approach that adjusts for overt bias in attempting to estimate the as-received treatment effect is the AT analysis, which involves comparisons of groups defi ned by treatment adherence status. 22 The AT approach has taken a number of different forms depending on how non-adherers are handled. The form of the AT analyses also depends on the study design in terms of whether the comparison group has access to the experimental treatment and is measured for adherence to the active treatment. Alternatively, in the case of encouragement interventions targeted toward improving adherence to a proven treatment, adherence may be measured in both the treatment and comparison arms with respect to the delivery of the proven treatment. In these cases where the patients in the comparison group are measured for adherence, the AT analysis may contrast the adherers in the experimental treatment and comparison groups compared with a non-treatment group, which combines the non-adherers in both arms. Alternatively, in the cases where the participants in the comparison group are not measured for adherence, the AT analysis may compare the adherers in the experimental treatment arm with a non-treatment group, which combines the non-adherers in the experimental treatment arm with all participants in the comparison group.
Alternatively, the per-protocol (PP) analysis, which also adjusts for overt bias, focuses on the effect of adhering to the assigned treatment protocol. When the comparison group is measured for adherence, a PP analysis may compare adherers in the experimental treatment group with the adherers in the comparison arm. The exclusion of non-adherers under the PP approach distinguishes it from the AT method. In the case where the comparison group is not measured for adherence, the PP analysis may contrast the adherers in the experimental treatment arm with all participants in the comparison group, excluding the nonadherers in the experimental arm.
Under perfect treatment adherence, the as-assigned and as-received treatment effects are identical, and so the ITT, AT, and PP approaches yield identical estimates of both treatment effects. However, under treatment non-adherence, the as-assigned and as-received treatment effects are different, and so the ITT, AT, and PP approaches yield different results. None of these meth- 24 and a medication-based intervention on cholesterol in black subjects. 12 However, these relationships do not seem to hold for the mental health studies we consider below, suggesting that the hidden bias that might affect the AT and PP approaches may differ between psychiatry and other areas of medicine.
INSTRUMENTAL VARIABLE ANALYSES
There are a number of different causal inference approaches that adjust for unmeasured confounders (ie, hidden bias) when estimating the as-received treatment effect. 7, 14, 25, 26 They vary by estimation techniques, but have been shown to equal each other under certain assumptions. Although these alternative assumptions allow for the relaxation of the assumptions about no hidden bias made by the AT and PP approaches, they require close examination either with testing based on observed data or with discussions of clinical plausibility. This data-based testing of certain assumptions of the IV approach demands baseline predictors of adherence to treatment, as well as baseline covariates that modify the difference in adherence rates between the randomized to treatment and control groups (ie, interaction between baseline covariates and randomized group assignment with adherence as the dependent variable). Before addressing these testable assumptions with an example, we present the most commonly used causal approach to estimating the as-received treatment effect, which is the instrumental variable (IV) method. 9, 16, 27 In addition to recent applications to randomized trials, the IV approach has been used to control for unmeasured confounding in observational studies. 25 Instrumental variables are assumed to emulate randomization variables, unrelated to unmeasured confounders infl uencing the outcome. In the case of randomized trials, the same randomized treatment assignment variable used in defi ning treatment groups in the ITT analysis is instead used as the instrumental variable in IV analyses. In particular, the instrumental variable is used to obtain for each patient a predicted probability of receiving the experimental treatment. Under the assumptions of the IV approach, these predicted probabilities of receipt of treatment are unrelated to unmeasured confounders in contrast to the vulnerability of the actually observed receipt of treatment to hidden bias. Therefore, these predicted treatment probabilities replace the observed receipt of treatment or treatment adherence in the AT model to yield an estimate of the as-received treatment effect protected against hidden bias when all of the IV assumptions hold. 22, 27 When these IV assumptions do not hold, the IV approach is vulnerable to hidden bias. However, several researchers have shown that this hidden bias of the IV estimate may be not be very signifi cant when there is relatively good adherence above 70% in the randomized trial context. 14, 28 Furthermore, 27 presented an approach that enhances the IV method in terms of protection against overt bias by adjusting for all observed confounders with a propensity score technique.
Marcus and Gibbons
As proposed previously, theoretical relationships among the IV, ITT, and AT effects may reveal informative relationships among their data-based estimates for a specifi c study. Accordingly, Little et al 22 showed that when the AT estimate exceeds the ITT estimate, the IV estimate is typically in between those of the AT and ITT estimates. Although the IV estimate tends to exceed the ITT estimate, the IV standard error also tends to exceed the ITT standard error, leading to similar P-values and inference under the two approaches. 22 Horvitz-Lennon et al 7 showed that an IV estimator can be more precise when both non-adherence and missing data are present. However, there is much literature showing that the IV approach can lead to larger standard errors than the other approaches considered here, especially under low to moderate adherence rates. Such increases in variability make it vulnerable to violations of the IV assumptions. Nonetheless, the IV approach is used to assess the magnitude of the asreceived treatment effect in contrast with the ITT approach, which focuses on the as-assigned treatment effect. The use of two models under the IV approach, one relating treatment received to outcome (the AT model), and the other relating randomized intervention assignment to treatment received has led many researchers to refer to the IV method as a two-stage estimation procedure.
Although the IV approach may not require the no hidden bias assumption of the AT and PP approaches, there are several tradeoffs with the IV approach involving increased variability and potential sources of bias due to factors other than unmeasured confounders not considered by the above mental health applications. Tradeoffs include increased variability of the IV treatment effect estimates and violations of assumptions that lead to bias. As described below, the increased variability of the IV estimator of as-received treatment effect in the presence of treatment non-adherence relative to the ITT, AT, and PP estimators leads to increased vulnerability of the IV approach to violations of its assumptions. This increase in variability can sometimes be mitigated by including covariates, if available, that are strong predictors of treatment received and outcome in the models for outcome and treatment received. The use of predictive covariates in the model relating the randomized intervention to treatment received increases the precision of the predicted treatment probability that replaces observed treatment received in the IV model for the outcome. Including predictors of outcome in the model for outcome of course reduces the residual error at least for linear models.
One of the key assumptions for the IV approach in protecting it against hidden bias is the exclusion restriction assumption, which requires in the randomized trial context that the impact of treatment assignment is mediated entirely through the delivery or receipt of treatment such that there is no direct effect of treatment assignment independent of treatment delivered. That is, randomized assignment to the intervention does not impact the outcome through other paths other than as-received treatment. Accordingly, patients who did not receive the experimental treatment will respond similarly regardless of whether they were assigned to the experimental arm or the control arm. Likewise, patients who received the experimental treatment will also respond similarly irrespective of the arm to which they were assigned.
The exclusion restriction assumption may especially be vulnerable in unblinded studies, which arise in a number of different contexts. One such context occurs when assignment to the experimental treatment arm may enhance a participant's expectation of success, and in contrast, assignment to the control arm might dampen such an expectation. Another context involves studies that include a health professional, such as a behavioral care manager as part of the experimental intervention to enhance the delivery of the specifi c treatment. In this case, the care manager might impact patient outcomes through means other than the specifi c treatment, for example, medication delivered with a smile from the care manager might have a different effect than medication delivered without the personal touch in the control arm, even when both patients take the same medication.
14,22,27,29 However, traditional medication trials, even when thoroughly blinded, might not be free from violations of this assumption. For example, among patients considered not to have received the experimental treatment, those assigned to the intervention arm might have received a larger partial dose (although considered inadequate), while those assigned to the control arm might have received a smaller partial dose, or no dose at all. To the extent that partial dose might lead to some benefi ts, the non-recipients in the experimental arm might have better outcomes than the non-recipients in the control arm, and consequently, treatment received might not explain the entire impact of treatment assignment.
The absence of such alternative paths is required for the standard IV procedure, but can nonetheless be assessed with IV extensions discussed subsequently in this section. These evaluations of the paths of randomized interventions apart from adherence to treatment require interactions between randomized treatment and baseline covariates on adherence to form additional instrumental variables beyond the randomized intervention. 14, 30 Additional assumptions made by most causal inference approaches require that the treatment assignment of one participant does not infl uence the outcomes of other participants and that variations in the administration of the treatment (experimental or control) do not infl uence the outcome. These two assumptions are known as the "stable unit treatment assumption" (SUTVA). The assumption that the treatment assignment of one individual affects the outcomes of other individuals is not the same as the standard independence assumption made by all single endpoint, single level analyses that the outcome of one subject does not affect the outcomes of other participants. Both of the SUTVA assumptions need to be carefully considered as to whether they can be ruled out for a specifi c study. There are numerous ways these assumptions might not hold, especially for behavioral interventions delivered in staff and/or patient group settings. However, medication trials are not necessarily free from these risks. For multilevel studies that randomize patients within groups (within clinics or classrooms), patients' receipt of treatment might infl uence other's outcomes by sharing their treatment experience, sharing their germs (for studies of contagious diseases), or even sharing their medications (which is not uncommon, eg, in AIDS/HIV treatment programs). Furthermore in the case of provider-based administration of behavioral interventions, the resulting contextual factors that are likely to vary in the administration of the treatment and be shared by multiple patients might infl uence the outcomes (the care manager's smile mentioned earlier being a plausible example). Table 2 (see page 779) presents the example contexts of these assumptions. More research is needed on how sensitive causal inference under the IV approach is to violations of SUT-VA in these contexts.
Additional assumptions are needed for interpreting the IV estimate of the as-received effect in the general population. Two alternative assumptions are often made in this case. The fi rst alternative assumption requires that the as-received treatment effect is the same across all patients in a population. 29, 31 Such a no-treatment interaction assumption may not be feasible in the presence of the evidence that treatment effects often depend on personal characteristics and prognostic factors, thus leading to the push for personalized treatments. [32] [33] [34] Given the likely implausibility of treatment homogeneity, an alternative assumption, known as the monotonicity assumption, has been offered, but this assumption limits causal inference to the sub-group of treatment adherent patients rather than all patients. Monotonicity is an assumption about treatment non-adherers who are not the target of inference, but nonetheless is necessary in helping to estimate the as-received treatment effect among adherent patients. More specifi cally, monotonicity requires that for every patient who chooses not to take the experimental treatment when randomized to it, he or she will not try to obtain the experimental treatment if randomized to the comparison group. Hence, there is a monotonic ordering of the behavior of patients with respect to potential receipt of the treatment as one moves from assignment to the comparison group to assignment to the experimental treatment group. As with the exclusion restriction, assessments of the monotonicity assumption and treatment heterogeneity are possible with the use of relationships among baseline covariates, the randomized intervention, and adherence status.
14 However, these relationships are required to be strong and the corresponding models need to be specifi ed as accurately as possible to reduce variability of the resulting IV estimates of treatment effect. Nonetheless, the possibility of data-based assessments of some of the alternative assumptions 
Relationship between IV and treatment received
In Marcus and Gibbons and Horvitz-Lennon et al, when the experimental treatment was assigned, adherence ranged between 67% and 87% with none of the control group having access to the experimental treatment. In Ten Have et al, 75% of the telephone encouragement group had medication prescribed whereas only 41% in the usual care group had medication prescribed.
Exclusion restriction
Only in Ten Have et al was there empirical evidence that randomized assignment to the experimental telephone encouragement intervention did not have an alternative path to the outcome apart from thorough adherence to guidelines.
Monotonicity
Monotonicity for Marcus and Gibbons and Horvitz-Lennon et al was satisfi ed by defi nition with the control groups not having access to the respective experimental treatments. For Ten Have et al, an empirical assessment showed that the monotonicity assumption may have not held with evidence for physicians who would defy their assigned treatment by following treatment guidelines only if in the usual care group.
SUTVA
Marcus and Gibbons and Horvitz-Lennon et al would appear to satisfy this assumption that patient's treatment assignment does not infl uence the outcomes of other patients as patients wouldn't necessarily share information. In Ten Have et al, where PCPs were randomized, it may be that those in the same practices may have shared information about their assignments and therefore infl uenced the outcomes of the patients of the other PCPS. Another aspect of this assumption is that variations of the administration of the experimental treatment delivery of medications in different ways (pick-up compared with drop-off at home) may have infl uenced the outcome. This may have been possible in Marcus and Gibbons and Horvitz-Lennon et al, which involved medication as the assigned treatment.
of the IV approach should be contrasted with the impossibility of assessing the no confounding of the AT and PP approaches, although the IV and PP approaches are estimating different effects of receiving treatment and abiding by the protocol in each arm, respectively.
EXAMPLE STUDIES
We consider four example studies in the mental health literature where at least the AT and PP approaches are presented as follow-up analyses to the ITT results, occasionally accompanied with IV estimates. The comparisons of the formulas for these estimates are presented in Table  1 (see page 775 ), which may help facilitate the comparison of the corresponding example estimates for each of the studies below in Table 3 (see page 780). As noted at the end of the introduction, the formulas in Table 1 (see page 775) are presented for two types of designs, depending on whether the control group is measured for adherence: 1) adherence to the experimental treatment is not measured in the controls; or 2) controls are measured for adherence such as in the case of physician adherence to treatment guidelines. The fi rst three example studies correspond to the fi rst design, and the fourth example study falls under the second design.
As a fi rst mental health example of how the AT and PP approaches relate to the ITT and IV results differently than in medical examples, Lewis et al 8 used a randomized trial to investigate if clozapine was more effective than the other second-generation antipsychotic (SGA) drugs in treating partially resistant schizophrenia patients (Example 1). The sample consisted of 136 randomized participants 18 to 65 years with Diagnostic and Statistical Manual of Mental Disorders, fourth edition (DSM)-based diagnoses of schizophrenia and a poor response to previous antipsychotic drugs. Participants were randomly allocated to clozapine or to one of the class of other SGA drugs (risperidone, olanzapine, quetiapine, amisulpride) as prescribed by the patients' respective clinicians.
Adherence in both arms was quite low, as only 54% of those randomized to clozapine and 57% of the participants in the SGA arm had been taking their assigned medications at the end of 1 year. Because of this low adherence, the resulting standard errors for the IV estimates are at least twice as large as those for the other as-received treatment effect estimates. Focusing on one of the primary outcomes, Positive and Negative Syndrome Scale (PANSS) at 12 weeks, the estimated ITT effect of clo- 18 Nonetheless, the relationships among these estimates suggest that there is a difference between those who adhere and those who do not. The most compelling difference is between the AT and PP estimates of the clozapine effect on PANSS (-1.16 vs. -5.19) . Whereas the defi nition of the clozapine group is the same for these two estimates, the SGA comparison group is defi ned differently. For the AT comparison, non-adherers in the clozapine group are moved to the SGA comparison group, while for the PP comparison, non-adherers in the SGA group are removed from this comparison group. Therefore, the dramatic difference between the AT and PP estimates is due to the addition of non-adherers in both randomized groups to the adherers in the SGA comparison group under the AT approach. It is apparent that non-adherers in both arms had better outcomes than did the adherers to other SGAs. Any differences between non-adherers and adherers due to unmeasured confounders will be adjusted for with the IV approach under the additional IV assumptions. The IV approach agrees more with the PP approach as both apply to the adherers, but the IV adjusts for hidden bias factors that infl uence adherence in contrast to the PP approach. It may be that by attenuating the treatment difference among adherers, indicating a form of negative confounding, unmeasured confounders caused the IV estimates to exceed in magnitude the corresponding PP and AT estimates. That is, the direction of the relationships between the unmeasured confounders with outcomes and adherence may be opposite from the direction of the treatment outcome relationship (ie, positive vs. negative associations). As expected, the ITT estimate and standard error are attenuated with respect to the corresponding IV estimates, and as a result the P-values and resulting inference are similar between the two approaches. A more extensive comparison of the ITT, AT, and IV approaches was performed by Marcus and Gibbons 27 for the analysis of a Swanson, Nolan, and Pelham, fourth revision (SNAP-IV) impulsivity outcome at 14 months of follow-up in a randomized trial of the Multi-Modal Treatment for ADHD (MTA; Example 2). The analysis focused on a two-group comparison of the medication-only (n = 120) compared with behavior-only treatment (n = 122) components of MTA. The non-adherence occurred in the behavioral treatment group with 33% of the group violating their randomly assigned protocol by switching to medication treatment. In contrast, all participants randomized to the medication-only arm adhered to the protocol. Therefore, the investigators treated non-adherence as participants in the behavioral arm switching to medication. The resulting AT effect size for the as-received treatment effect, comparing participants receiving only the behavioral intervention compared with those taking medication with or without the behavioral intervention is -0.20 vs. an ITT effect size of -0.27. As with the clozapine study, the AT estimated effect size is uncharacteristically smaller than the ITT effect size. Furthermore, adjusting for potentially unmeasured confounders, the IV effect size (-0.37 with a standard deviation of 0.7) exceeds both the ITT and AT effect sizes. These unexpected relationships among the ITT, AT, and IV estimates may be due to the presence of two groups in the combined medication and behavioral component groups, as identifi ed by Marcus and Gibbons, 27 using past history of medication. For those with such a past history, the expected relationships among the ITT, AT, and IV occurred, whereas these relationships were not observed for younger patients with little history of medication use. The authors suggested that this result may have been due to a violation of the exclusion restriction made by the IV approach. Specifi cally, the older participants with a history of medication use may have resorted to medication because of the lack of effi cacy of the behavioral component, resulting in an effect of the randomized behavioral intervention through an alternative path other than adhering to the behavioral intervention.
Horvitz-Lennon et al 7 presented a mental health example (Example 3) where the relationships among the ITT, AT, and IV estimates conformed more to the expected relationships seen in medical randomized studies. 22 The randomized comparison was between clozapine as the experimental treatment (n = 218) and haloperidol as the control treatment (n = 205) with respect to a 12-month PANSS score for hospitalized veterans with refractory schizophrenia. A significantly higher proportion of patients in the clozapine arm (82%) adhered by taking clozapine with the rest non-adhering by taking haloperidol. Patients randomized to haloperidol did not have access to clozapine. The resulting ITT, AT, and IV estimates were 5.04, 6.48, and 5.92. Although this order is what would be expected and despite the substantially worse outcomes for non-compliers randomized to clozapine, the differences in estimates are small relative to their standard errors and thus yield similar inference.
Finally, we consider Example 4, for which the IV assumptions have been evaluated to establish its validity in comparison with the unverifi able nounmeasured-confounding assumption of the standard approaches to adjusting for non-adherence. The assumptions are reviewed in Table 2 (see page 779) , with respect to this last example as well as to the Marcus and Gibbons 27 and Horvitz-
The ITT analysis aims to test and estimate the as-assigned treatment effect in the study sample.
Lennon et al 7 studies, Examples 2 and 3, respectively. The fourth example now under consideration differs from these two other examples in that adherence is defi ned differently so that it applies to both the experimental treatment and control arms rather than just to the experimental treatment arm. Specifi cally, the Example 4 study involved randomization of primary care practices to either usual care (UC) for depressive symptoms of their patients or a physician-level telephone encouragement (TE) intervention aimed at improving primary care physician adherence to Agency for Healthcare and Research Quality (AHRQ)-based guidelines for treating depressive symptoms. The primary outcome, patient depressive symptoms, was measured by the Centers for Epidemiologic Studies Depression Scale (CESD). The study sample consisted of 71 clinically depressed patients who were referred to the study during a 3-month period by 28 randomized PCPs in 19 primary care practices of an academic health system. The randomized encouragement intervention employed telephone communication by a behavioral health nurse with each TE patient and her or his respective PCP. The goal was to encourage PCP adherence to best practice guidelines for making treatment decisions about their patients' depression. The study investigators did not randomize individual patients, because the investigators believed that PCPs within a given practice would not be able to limit improved guideline adherence to their TE patients and then treat their UC patients in their usual manner. The study investigators evaluated all study patients at baseline and 3 months of follow-up for the CESD outcome variable. The rates of binary PCP adherence to treatment guidelines, as determined by disease management chart abstractions by a study psychiatrist, were 76.5% and 40.5% for the randomized TE and UC arms, respectively. As intended, the TE intervention appeared to motivate the PCPs to adhere more to treatment guidelines. Because "treatment received" applies to the act of the physician adhering to the treatment guidelines, the control group does not represent a no-treatment received group, and so the AT method is not applicable. Therefore, only the PP result is presented here in addition to the ITT and IV results.
The ITT and PP estimates of treatment effect adjusting for baseline CESD and age (given differences in age between the randomized practices) are -3.20 [SE 1.84; P = 0.09; 95% CI = (-6.81,0.41)] and -8.64 [SE 1.71; P < .0001; 95% CI = (-11.99, -5.29)], respectively. The large magnitude of the PP estimate suggests that the patients of the PCPs who adhered to treatment guidelines in the intervention group did better than the patients treated by the adherent PCPs in the usual care group. The corresponding IV estimate of -10.0 [SE 4.16; P = 0.008; 95% CI = (-17.80,-1.50)] is somewhat in agreement with the PP approach, indicating that there may not be unmeasured confounders infl uencing PCP adherence to the treatment guidelines.
However, such conjecture assumes that the assignment of practices to the encouragement intervention did not have an effect through a path other than PCP adherence to guidelines. For example, assignment to the encouragement intervention may have increased staff sensitivity to treating depression as well as improved patient treatment behavior, regardless of whether the PCPs in the practice actually followed guidelines. Ten Have et al 14 assessed this assumption by extending the IV approach to estimate the effect of an alternative path as -2.40 [SE 8.55; P = 0.39; 95% CI = (-19.10, 14.40)], which was not signifi cant and also very small relative to even the ITT effect. The increased variability of this estimate relative to the variability of the ITT and PP estimates refl ects the diffi culty of estimating such an alternative path of the randomized intervention. The additional assumption that the treatment effect does not differ across subgroups in the population was also evaluated. Ten Have et al 14 showed that such treatment heterogeneity did exist, but that the corresponding treatment effect in the latent class of guideline PCP adherers in both randomization arms was still similar to those of the PP and IV estimates. Such treatment heterogeneity also showed that the monotonicity assumption did not hold, in that there was evidence of the presence of PCPs who would only follow guidelines if assigned to the usual care group (ie, defi ers with respect to the encouragement intervention). Therefore, with such a sensitivity analysis, it appears that the PP and IV analyses yielded robust estimates of the effect of PCP adherence to AHRQ guidelines on patient-level depression.
DISCUSSION AND CONCLUSIONS
Understanding treatment non-adherence and its relation to outcomes is critically important in psychiatric studies. One way of achieving this is by comparing the different analytical approaches to adjusting for non-adherence. These comparisons point to the uniqueness of mental health studies relative to more medically oriented studies. Most psychiatric randomized studies report the standard ITT results, which apply to the as-assigned treatment effects or the effective-SIDEBAR.
Key Recommendations
Treat information on treatment non-adherence and missing data as separate, collecting as much information as possible on both.
Assess the plausibility of the assumptions made with method used (ie, is there reason to believe there is unmeasured confounding for treatment received and treatment heterogeneity).
• ness of interventions in populations with similar patterns of non-adherence as those of the study samples. As-treated and per-protocol results are sometimes reported for as-received treatment effects, in attempts to adjust for treatment non-adherence in randomized studies.
Recognizing the vulnerability of the AT and PP approaches to unmeasured confounding, causal approaches such as the IV method try to control for such confounding, requiring other assumptions that are more testable than the noconfounding assumption. The testing of these alternative assumptions benefi ts from strong predictors of adherence, which may not be the case in mental health studies. Furthermore, adherence may not be measured well resulting in weaker results from causal approaches. Therefore, as recommended in the Sidebar (see page 782), it is imperative that adherence and its potential predictors are measured accurately, which entails better information on reasons for nonadherence and more attention to nonadherence and its predictors in the data collection stages of studies. With such prospective attention to non-adherence in psychiatric studies, a careful analysis including causal methods can help identify clinically meaningful relationships between treatment adherers and non-adherers with respect to the effect of treatment on outcome.
